Abstract. This brief review is aimed primarily as a resource for the clinician and summarizes recent advancements in electrocardiographic monitoring in the intensive care unit. Emphasis is placed on recent advances in ICU ECG and cardiac event monitoring with particular attention to arrhythmia detection in patients following myocardial infarction. Specific topics addressed include: clinical indicators of impending arrhythmic events and sudden death, signal averaged ECG, QT dispersion, ST segment fluctuation, T-wave alternans, QT interval beat-to-beat variability, heart rate variability, and advances in automated arrhythmia detection.
Introduction
The electrocardiogram (ECG) is the most frequently monitored physiologic signal in the intensive care unit (ICU) environment. We have recently summarized the uses and new analytic methods to interpret the ECG while monitoring the high-risk, critically ill patient [1] . This current review addresses recent advances in ICU ECG and cardiac event monitoring with particular emphasis on arrhythmia detection in the patient status post myocardial infarction. Specific topics addressed include: clinical indicators of impending arrhythmic events and sudden death, signal averaged ECG, QT dispersion, ST segment fluctuation, T-wave alternans, QT interval beat-to-beat variability, heart rate variability, and advances in automated arrhythmia detection ( Figure 1 ).
Clinical Indicators of Impending Arrhythmic Events and Sudden Death
Many categories of patients are at risk for arrhythmia and/or sudden death while in the ICU.
Especially vulnerable are patients with a recent myocardial infarction, patients recovering from cardiac surgery, and those with heart failure. Sudden death may be either due to bradyarrhythmia or tachyarrhythmia [2] . Intolerable pump failure usually results in shock and bradycardia/ electromechanical dissociation. Patients with episodic blocked beats (particularly Mobitz type 2, 2nd degree AV block) and those with acute left bundle branch block should be carefully watched for deterioration to acute complete heart block which may be poorly tolerated. Tachyarrhythmias associated with sudden death are commonly ventricular in origin (i.e., ventricular tachycardia [VT] or fibrillation [VF] ). However, uncontrolled atrial arrhythmias with a fast ventricular response may also lead to sudden death [3] . ECG findings associated with sudden death include: resting tachycardia [4] , QT prolongation [5] , frequent premature ventricular contractions (PVCs) [6] , and non-sustained VT [7, 8] . It is particularly important to monitor the ECG carefully in patients with a poor ejection fraction [9] . Brugada syndrome, a rare cause of sudden death, has a characteristic ECG with right bundle branch block and ST elevation in the anterior chest leads (V1-V3) [10] . Prolonged QRS duration is also associated with sudden death [11] .
Signal Averaged ECG
Signal averaging the ECG (SAECG) improves the signal to noise ratio and thereby can detect subtle abnormalities. An abnormal SAECG has been shown to predict arrhythmia and/or sudden death in post-myocardial infarction patients [12] . The two most important findings on SAECG are prolonged QRS duration and late potentials [13, 14] . Late potentials represent slow conduction through fibrotic myocardium that may be the substrate for reentrant arrhythmias [13] . Prolonged QRS duration correlates with sudden death presumably reflecting slow and non-homogeneous conduction while late potentials correlate with monomorphic VT [14] . The main disadvantage of the SAECG is that it has a good negative predictive value but a poor positive predictive value.
QT Dispersion
QT dispersion (QTd) is the difference between the maximal and minimal QT interval on the standard 12-lead ECG. Prolongation of the QTd is thought to reflect heterogeneous repolarization and has been shown to correlate with increased risk after myocardial infarction [15] . Zareba et al. showed that a QTd > 80 ms identified 2-3 months after myocardial infarction identifies patients at increased risk of arrhythmic cardiac death in the ensuing 2-3 years [16] . However, a number of workers [17] [18] [19] have shown a lack of predictive value for QTd in the acute phase after myocardial infarction. The utility of QTd is further worsened by methodological problems of poor reproducibility and lack of standardization [20] . Automated QTd measurement has improved but not eliminated these methodological deficiencies [21] .
ST Segment Fluctuation
ST segment elevation is the classic feature of hyperacute infarction. This finding on the ECG in a patient in the ICU should warrant immediate attention. ST segment depression on the other hand is associated with ischemia and may be a precursor of death or acute myocardial infarction [22] . Gill et al. [23] reported that ischemia detected during ambulatory ECG at 5-7 days after myocardial infarction was the strongest predictor of adverse cardiac events. In-hospital mortality is increased in patients with myocardial infarction if acute ST elevation is followed by persistent ST depression [24] .
T-Wave Alternans
Electrical alternans of the T wave describes an alternating beat-to-beat amplitude change in the T wave. It has been reported as a marker for ventricular arrhythmias [25] . It was first noted in long QT patients as a visible feature on ECG preceding episodes of torsade-des-pointes [26] . Microvolt T-wave alternans describes the same phenomenon at an amplitude level that cannot be appreciated by the naked eye. Spectral techniques have been used to detect this finding, and it has been associated with increased risk of lethal arrhythmia [25] . Its usefulness in the acute care setting is unclear. Ikeda et al. [27] found that it has a high negative predictive value but a poor positive predictive value for arrhythmias in myocardial infarction patients. They also found that a combination of T-wave alternans and late potentials on SAECG had a high positive predictive value for an acute arrhythmic event after myocardial infarction [27] .
QT Interval Beat-to-Beat Variability
The QT variability index (QTVI) is a measure of beat-to-beat QT interval fluctuations measured on a single ECG lead and reflects beat-to-beat changes in ventricular repolarization. It is calculated as the logarithm of the ratio of normalized QT variance to heart rate variance [28] . Davey extensively reviews the numerous studies looking at different aspects of the QT interval and mortality from coronary artery disease [29] and suggests that beat-to-beat QT variability has the greatest potential to impact clinical practice. However, the prognostic importance awaits the results of large, long-term studies.
Patients with dilated cardiomyopathy have been shown to have a QTVI that is greater than normal and uncoupled from variations in heart rate, suggesting a temporal lability in repolarization [28] . Patients with angina, but without prior myocardial infarction, have significantly higher QTVI than controls, and the QTVI correlated with the degree of coronary disease [30] . Additional studies have successfully used QTVI to identify patients at risk for recurrent malignant ventricular arrhythmias and sudden cardiac death [31, 32] .
Heart Rate Variability
Both linear (time and frequency domain) and nonlinear measures of heart rate variability (HRV) have been shown to be predictors of death from any cause or sudden cardiac death due to arrhythmic events after myocardial infarction. Risk stratification after myocardial infarction is one of the established clinical indications for the measurement of HRV and has been reviewed extensively [1, 33, 34] . Measures of HRV have some degree of positive predictive accuracy when used after myocardial infarction and are not dissimilar in their accuracy to other risk predictors. Assessment of time domain and frequency domain HRV measures on 24-hour pre-discharge Holter recording of patients with a recent myocardial infarction has shown that HRV abnormalities are strongly associated with mortality [35] [36] [37] . HRV may also be useful for identifying high-risk patients with an increased risk of fatal cardiac events [35, 37, 38] .
Further studies have expanded HRV use to broader ICU populations. Decreased overall HRV parameters have been associated with increased mortality in a surgical ICU [39] . Measures of heart rate power spectra were inversely related and negatively correlated to severity of illness and outcome in the pediatric ICU [40] . HRV indices have been shown to be predictive of ICU length of stay following coronary artery bypass surgery [41] and following abdominal aortic surgery [42] . Severity of neurological injury and outcome are inversely associated with heart rate and blood pressure variability both in children [43] and adults [44] . In sepsis, HRV metrics have been shown to be a potential diagnostic aid [45] as well as a method to track recovery [46] . Lower heart rate complexity (i.e., decreased variability and/or increased regularity) preceded episodes of atrial fibrillation in patients after coronary artery bypass graft surgery [47] and in patients with no structural heart disease [48] . Reduced HRV has been found in children following congenital heart surgery for Tetralogy of Fallot [49] and following the Fontan procedure [50] . In a group of children following cardiac surgery, the HRV spectral pattern of those who sustained a cardiac arrest differed significantly from the others [51] .
Automated Arrhythmia Detection and Monitoring in the ICU
Research and development of automatic arrhythmia detection algorithms has recently been driven by the development and proliferation of implantable cardioverter defibrillators (ICDs) and automatic external defibrillators (AEDs). These applications have focused algorithm development on distinguishing 'shockable' cardiac rhythms including ventricular fibrillation and ventricular tachycardia from 'nonshockable' rhythms including sinus rhythm, atrial fibrillation, and other supraventricular tachycardias. These applications have also motivated developers to design algorithms that are simple enough to be implemented in real time on low-power processors used in ICD's.
Standardized databases and criteria for measuring performance of arrhythmia detection algorithms have also had a major impact on algorithm development. The 1998 Association for the Advancement of Medical Instrumentation (AAMI) standard specifies how to test and report the performance results of algorithms for cardiac arrhythmia detection and ST segment measurement [51] . The 1998 American National Standards Institute (ANSI)/AAMI standard describes requirements for labeling, performance, and safety of long-term ECG monitoring devices that are used for the analysis of cardiac rhythm and morphology of complexes [52] . The two most prominent standardized databases for benchmarking algorithms are the MIT-BIH arrhythmia database and American Heart Association (AHA) database [53, 54] . Newer databases are under development that meet stricter standards, contain longer recordings, and overcome some of the technical limitations of these earlier databases [55] .
Many different techniques have been incorporated into arrhythmia detection algorithms. Elghazzawi and Geheb used features of the QRS complexes used by clinicians in a Bayesian framework to achieve a ventricular positive predictivity of 94% [56] . Dorsett et al. [57] used the Karhunen-Loeve transform, clustering, and sequential-hypothesis testing to achieve a performance consistently above 90% on the MIT-BIH and AHA databases. Khadra et al. [58] used timefrequency wavelet analysis to distinguish VF, VT, and atrial fibrillation.
Most recently, several algorithms have been developed that are based on measures of nonlinear dynamic systems complexity. Igel and Wilkoff demonstrated that nonlinear dynamic measures improved the performance of a discriminant function from 71% to 90% [59] . Zhang et al. achieved an accuracy of 100% on a test set of 204 surface records of sinus rhythm (N = 34), ventricular tachycardia (N = 85), and ventricular fibrillation (N = 85) using a nonparametric complexity measure proposed by Lempel and Ziv [60, 61] . Wang et al. [62] achieved an accuracy of 97% on a test set of 180 records of ventricular tachycardia, ventricular fibrillation, and atrial fibrillation using a combination of short-time generalized dimensions and a fuzzy Kohonen network for classification. The simplicity and good performance of these algorithms demonstrates strong potential for implementation in critical care patient monitors.
Conclusion
It is clear that technological advancements and improvements in computer science and engineering are providing insights into heretofore subtle or hidden changes in the ECG. What these changes mean from a physiologic standpoint, how they correlate with clinical condition and outcome, and how best to use these new metrics to care for critically ill patients remains a challenge. As our understanding of the relationship between cardiac electrophysiology and cardiac physics improves, these new methods for ECG analysis and interpretation will likely prove valuable aids in caring for patients in the ICU.
